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Abstract

Limited data on species’ distributions are common for small animals, imped-

ing conservation and management. Small animals, especially ectothermic taxa,

are often difficult to detect, and therefore require increased time and resources

to survey effectively. The rise of conservation technology has enabled

researchers to monitor animals in a range of ecosystems and for longer periods

than traditional methods (e.g., live trapping), increasing the quality of data

and the cost-effectiveness of wildlife monitoring practices. We used

DeakinCams, custom-built smart camera traps, to address three aims: (1) To

survey small animals, including ectotherms, and evaluate the performance of

a customized computer vision object detector trained on the SAWIT dataset

for automating object classification; (2) At the same field sites and using com-

mercially available camera traps, we evaluated how well MegaDetector—a

freely available object detection model—detected images containing animals;

and (3) we evaluated the complementarity of these two different approaches to

wildlife monitoring. We collected 85,870 videos from the DeakinCams and

50,888 images from the commercial cameras. For object detection with

DeakinCams data, SAWIT yielded 98% Precision but 47% recall, and for spe-

cies classification, SAWIT performance varied by taxa, with 0% Precision and

Recall for birds and 26% Precision and 14% Recall for spiders. For object detec-

tions with camera trap images, MegaDetector returned 99% Precision and 98%

Recall. We found that only the DeakinCams detected nocturnal ectotherms

and invertebrates. Making use of more diverse datasets for training models as

well as advances in machine learning will likely improve the performance of

models like YOLO in novel environments. Our results support the need for

continued cross-disciplinary collaboration to ensure that large environmental
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datasets are available to train and test existing and emerging machine learning

algorithms.

KEYWORD S
artificial intelligence, camera traps, computer vision, conservation technology, herpetofauna,
invertebrates, machine learning, wildlife survey

INTRODUCTION

The biodiversity crisis is accelerating with global environ-
mental change (Barnosky et al., 2011), and technological
advances are required to collect the information
necessary to diagnose issues and aid solutions (Hahn
et al., 2022; Kerry et al., 2022). This is particularly the
case for species that are data deficient (Garcia-Rosello
et al., 2023; Wotherspoon et al., 2024) or are difficult,
time-consuming, or costly to monitor with traditional
methods, such as cryptic, small-bodied, or rare taxa
(Hoye et al., 2021; Welbourne et al., 2015). There are
well-known taxonomic biases in biodiversity research
that inevitably lead to large gaps in our understanding of
species’ extinction risks (Davies et al., 2018; dos Santos
et al., 2020). Invertebrates and herpetofauna are diverse
groups that are poorly known relative to other groups,
such as birds and large mammals (Marco et al., 2017;
Titley et al., 2017). With over a million species at risk
of extinction (IPBES, 2019), researchers are increasingly
turning to advances in technology to address such knowl-
edge gaps (Allan et al., 2018; Farley et al., 2018).

Camera trapping is now a standard, cost-effective
monitoring tool for surveying wildlife globally (Blount
et al., 2021; Bruce et al., 2025; Kerry et al., 2022). Camera
traps allow for longer survey periods while minimizing
time spent in the field and the repeated disturbance
to field sites commonly associated with live trapping (De
Bondi et al., 2010; Welbourne et al., 2015). Passive mon-
itoring with camera traps also has animal welfare bene-
fits by avoiding the live capture of animals (Dundas
et al., 2019). The data obtained, in the form of still
images or videos, have been used for biodiver-
sity inventory (Ahumada et al., 2013; Steinbeiser
et al., 2019), to estimate species’ abundance and/or
occupancy (Cove et al., 2013; Moeller et al., 2018),
monitoring cryptic or threatened species’ populations
(Barber-Meyer & Newsome, 2022; Linkie et al., 2013),
and observing species interactions or behaviors (Chan
et al., 2023; Steinmetz et al., 2013).

A common issue with camera trapping is the genera-
tion of false triggers, that is, images that do not contain
animals (Greenberg & Godin, 2015). This leads to early
exhaustion of camera batteries and memory cards, very

large datasets, and lengthy delays in data processing and
analysis (Chalmers et al., 2023; Fennell et al., 2022).
Camera traps therefore create challenges for researchers
through the large volumes of data collected, the limited
time, budget, and expertise available to process the data,
and storage requirements (Chalmers et al., 2023; Young
et al., 2018). Furthermore, because most commercial
camera traps use heat-in-motion passive infrared sen-
sors, smaller animals, particularly ectotherms, are more
difficult to detect (Corva et al., 2022; Richardson
et al., 2017). Indeed, Ahumada et al. (2019) and Nguyen
et al. (2023) highlight that many camera trap datasets
are dominated by medium-to-large mammals and
birds, introducing taxonomic bias into ecological stud-
ies. This is also reflected in the dominance of mammals
in camera trap studies (Delisle et al., 2021). This can
lead to management decisions being made using a
narrow selection of easy-to-survey taxa. Some of these
challenges can be addressed through appropriate experi-
mental design. For example, changing the orientation
and layout of camera trap arrays to detect species of
interest (Moore et al., 2020; Nichols et al., 2017). Using
video capture can also improve the detection of ecto-
therms (Swinbourne et al., 2018; Swinnen et al., 2014),
although the benefits may be lost if the camera trap
model relies on passive infrared detection.

To address some of these issues, Corva et al. (2022)
developed a custom-built smart camera trap specifically
for small ectothermic fauna and fast-moving small
endotherms like small mammals. These smart traps
(“DeakinCams” hereafter) were designed to use machine
vision, a form of artificial intelligence, to detect motion
across the camera’s field of view (Corva et al., 2022).
Machine vision has emerged as a powerful tool for
automating, partially or in full, the processing of large
ecological datasets such as those generated by camera
traps (Farley et al., 2018; Norouzzadeh et al., 2018).
DeakinCams continuously monitor video footage from
their inbuilt cameras using a single-board computer,
which applies a foreground detection algorithm to iden-
tify pixel changes in image sequences from the video foot-
age (Corva et al., 2022). A recording is saved when
movement is detected within it (Corva et al., 2022). These
recordings are collected at the end of DeakinCams
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deployment for processing through a post-capture machine
learning tool. Using artificial intelligence at the point of
capture has the potential to limit the volume of empty
images.

Many post-capture machine learning tools are avail-
able to process camera trap images and videos (Ahumada
et al., 2019; Beery et al., 2018). Deep learning computer
vision uses image recognition to detect and classify
objects in an image (Chen et al., 2014), leading to greater
efficiency in research projects (Fennell et al., 2022; Vélez
et al., 2022). However, the performance of computer
vision models relies on large training datasets of anno-
tated images or objects (Nguyen et al., 2023). Further, the
reproducibility of results in images with different back-
ground scenes remains a challenge due to the training
data used (Beery et al., 2018; Zhou et al., 2023). This has
led to a range of customized models (Vélez et al., 2022)
that rely on varying levels of technical expertise or expen-
sive hardware to run (Penn et al., 2023). This can put arti-
ficial intelligence out of reach for general users (Desprez
et al., 2023; Vélez et al., 2022). In contrast, large-scale col-
laborations with extensive training data from numerous
camera trapping studies have enabled the development
of more generalizable machine-learning tools such as
MegaDetector (Microsoft AI for Earth, 2018). However,
the datasets used to train such models are often imbal-
anced in terms of their taxonomic resolution (Nguyen
et al., 2023) and therefore require further field testing.

In remote field settings, using DeakinCams may
expand the diversity of fauna being monitored. This is
particularly vital in places where current monitoring
approaches primarily focus on birds and mammals.
We deployed the DeakinCams in a semi-arid landscape
in western Victoria, Australia. Our study provides a
proof-of-concept assessment of the DeakinCams for
use in terrestrial wildlife surveys and an assessment
of computer vision object identifiers. We aimed to:
(1) evaluate the performance of a computer vision algo-
rithm, YOLOv5 (Redmon & Farhadi, 2017), trained on
the DeakinCams SAWIT dataset (Nguyen et al., 2023)
for detecting animals in a new DeakinCams dataset
and classifying them into broad taxonomic groups;
(2) assess the ability of a freely available model,
MegaDetector (Microsoft AI for Earth, 2018), trained
on camera trap images from many different datasets
(Beery, Morris, & Yang, 2019) to detect animals from
a dataset collected with Reconyx camera traps at
the same DeakinCams sites. Finally, (3) we aimed to
evaluate the complementarity of the DeakinCam and
Reconyx camera trap approaches to wildlife surveys in
terms of the taxonomic groups detected and the capac-
ity to automate initial data labeling of these different
camera systems.

METHODS

Study area

This study was conducted on Wotjobaluk country in the
Wimmera district of central west Victoria in southeastern
Australia (Figure 1). This landscape is at the southern-
most extent of the Mediterranean-type climate in south-
eastern Australia (Clarke et al., 2021; Keeley et al., 2011).
We used 18 sites from a broader study investigating the
effects of fire history on wildlife (Pestell, 2024a, 2024b),
allowing us to access the Reconyx camera trap images
collected from that study to assess alongside the
DeakinCams. Fifteen sites were in Little Desert National
Park and three in Mount Arapiles—Tooan State Park, in
Victoria, Australia. To maintain consistency across the
study area, all sites were in semi-arid treeless heathland
dominated by shrubs such as Leptospermum myrsinoides
and Allocasuarina mackliniana (McIntosh et al., 2023).
Sites were established at least 100 m from management
tracks, away from ecotones, and separated by a minimum
of 1 km.

SAWIT with DeakinCams

DeakinCams were deployed in pairs, 100 m apart, at
each site from 5 December 2019 to 22 January 2020
(Appendix S1: Figure S1). Each DeakinCam was secured
to a metal post 30 cm above the ground, facing down-
wards to detect small fauna, and angled at approximately
15� to avoid the post being within the field of view. A
plastic drift fence was installed 5 m to either side of the
DeakinCams to direct small fauna through the opening
for video capture (Figure 2). The DeakinCams were
powered by a separate, solar-powered battery (Corva
et al., 2022). We programmed the foreground detection
algorithm, a Gaussian mixture model for background
subtraction (Zivkovic & van der Heijden, 2006), on board
the DeakinCams to be highly sensitive to movement
(minimum 1 cm2 of changing pixels) to ensure small
fauna would be detected (Nguyen et al., 2023).

The DeakinCams suffered some technical issues dur-
ing the deployment. Seven (19%) of the 36 units did not
work at all during the deployment period, and 22 (79%)
captured 66 video segments before no longer taking
videos (see Corva et al. (2022) for specific fault details).
This meant that the DeakinCams were not working for
the entirety of the survey period, so they likely missed
detections. Two pairs of DeakinCams did not work at all
during the deployment, so the paired Reconyx camera
trap data from these two sites were also removed from
analysis.
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To manually classify DeakinCams videos, we used
the program Timelapse (Greenberg & Godin, 2015).
Timelapse is an image management program designed
for manually processing camera trap images and videos
(Greenberg & Godin, 2015). All videos of vertebrates were
classified to species and invertebrates were classified to
order. All manual classifications were performed by RDS
to maintain consistency across sites and camera trap
types (Zett et al., 2022). We used the SAWIT model
(Nguyen et al., 2023) to process all video segments
obtained during field deployment, using the same code
and confidence threshold (0.25) used in Nguyen et al.
(2023) to enable general comparison with that study. The
SAWIT dataset was collected in a temperate dry forest in
central Victoria, experiencing milder environmental condi-
tions than our study area, but sharing similar mammal
and reptile fauna (Nguyen et al., 2023). For example,
mammals such as the short-beaked echidna (Tachyglossus
aculeatus acanthion), black wallaby (Wallabia bicolor),
and silky mouse (Pseudomys apodemoides) as well as rep-
tiles of the Cristinus, Ctenotus, and Pseudonaja genera,

occur in both study areas (Robertson & Coventry, 2019).
We therefore retained all animal categories defined for
the SAWIT dataset (bird, big mammal, frog, scorpion, small
mammal, snake, and spider; Nguyen et al. (2023)) and
manually changed lizard to large reptile and small reptile
categories to distinguish the sizes of reptiles being
detected. The SAWIT model was run in Pytorch 1.1
(Paszke et al., 2019) on 2 NVIDIA GeForce RTX2080Ti
GPUs. Because the SAWIT model performs both object
detection and object classification, we first validated the
outputs as correct or incorrect detection and then correct
or incorrect classification.

MegaDetector with Reconyx camera traps

Two Reconyx camera traps were deployed 100 m apart
at each site (Appendix S1: Figure S1), one white flash
(Reconyx H550) and one infrared-illuminated (Reconyx
H500), with a scent lure at each camera to increase detec-
tion rates (Rendall et al., 2021). Each Reconyx camera

F I GURE 1 Maps of the study area, showing the study sites (camera icon) in (a) Little Desert National Park and (b) Mount Arapiles—
Tooan State Park, Victoria, Australia.
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trap was mounted on a wooden stake 50 cm above the
ground with an outward-facing orientation and angled
slightly so that the base of a baited lure station was cen-
tered in the field of view. The Reconyx H550 camera trap
was used to detect small fauna. The lure station was
placed 1.7 m from the camera trap, and a bait canister
containing a mixture of rolled oats, peanut butter, and

golden syrup was mounted on a wooden stake at a height
of 40 cm above the ground. The Reconyx H500 camera
trap was used to detect larger fauna. Each lure station
was placed 3 m away, and a baited canister with a mix-
ture of blood and bone and tuna oil was mounted at
90 cm above the ground on a wooden stake. Both
Reconyx camera traps were set to take a sequence of five

F I GURE 2 (a) DeakinCam site setup showing mounting position, drift fence, and solar panel placement (not to scale), and (b) in-field

deployment, Little Desert National Park, Australia. Photo credit: A. Pestell.
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consecutive photographs per trigger with no interval
between triggers.

We used the program Camelot (Hendry & Mann, 2018)
to manually classify the Reconyx camera trap images.
As with videos, all manual processing was completed
by RDS for consistency. Once manually classified, the
Reconyx camera trap images were batch processed through
MegaDetector version 5a (hereafter “Megadetector”;
Microsoft AI for Earth, 2018) on an NVIDIA GeForce GTX
1660 Ti GPU, using the default code and confi-
dence threshold (0.20) to generate recognition outputs.
MegaDetector recognition outputs provide the object type
(Animal, Person, or Vehicle), bounding box coordinates
for the objects, and a confidence value for each recog-
nition (Beery, Morris, & Yang, 2019). Timelapse has
in-built functionality to read the MegaDetector recogni-
tion outputs and display the results (Greenberg, 2025).
We, therefore, imported these outputs into Timelapse

to enable a comparison with the manually classified
data. We chose not to perform a post-processing step
designed to remove multiple detections of stationary
objects because the SAWIT model does not use a compa-
rable function.

To validate the MegaDetector recognition data, we
followed the Timelapse documentation (Greenberg, 2025)
and set the “Use recognition” query in Timelapse to
“All.” We then recorded the object type, as well as four
categories that captured potential recognition errors
(Figure 3). These categories represented false negatives
(type II error; Figure 3a) where MegaDetector did not
detect an object that was present, and false positives (type
I error; Figure 3b), where MegaDetector either wrongly
assigned an object type to an empty image or assigned
the wrong object type (e.g., Animal as Person). The
remaining two categories accounted for instances where
MegaDetector correctly detected an object, but the count

F I GURE 3 Examples of error categories recorded during MegaDetector validation of the Reconyx camera trap data: (a) False negative

of a shingleback lizard (Tiliqua rugosa) missed by MegaDetector; (b) False positive of vegetation marked as an animal by MegaDetector;

(c) Undercount of emu (Dromaius novaehollandiae) recognized by MegaDetector; and (d) Overcount of black wallaby (Wallabia bicolor)

recognized by Megadetector. Photo credits: A. Pestell.
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of the object/s, as indicated by the number of bounding
boxes in an image, was either too few (undercount;
Figure 3c) or too many (overcount; Figure 3d). More than
one category could be assigned to a single image as it is
possible for MegaDetector to both miss an animal and
incorrectly assign the animal category to a non-animal.
We labeled the camera data using the same categories
that we applied to the video data. All validation of
DeakinCams video segments and commercial camera
trap images was performed by AJLP to maintain consis-
tency. To establish whether MegaDetector provides a rea-
sonable replacement for manual classification, we also
recorded differences between manual classification and
manual validation.

Evaluating performance

To evaluate the object detection results from both
SAWIT and MegaDetector, we compared whether the
categories assigned to each image through manual vali-
dation matched those assigned by the model to create
four categories: true positive (TP), true negative (TN),
false positive (FP), and false negative (FN) (Kohavi &
Provost, 1998). The findings were then used to create
confusion matrices using the “caret” (Kuhn, 2008) and
“ConfusionTableR” (Hutson, 2021) packages in R 4.3.3
(R Core Team, 2024). Using ConfusionTableR, we
extracted the performance metrics for each evaluation:
Specificity (True negative), Sensitivity (True positive),
Precision (proportion of correct positive predictions),
Recall (comparison of the predicted positives to the
total true positive rate), Balanced Accuracy (mean of
Specificity plus Sensitivity), Accuracy (the proportion
of all predicted results that are correct), Cohen’s
kappa (comparing the observed and expected accuracy),
and the F score (the harmonic mean of Recall and
Precision). Finally, for the binary confusion matrices,
we calculated the Matthews correlation coefficient
(MCC; Matthews, 1975) and its regression coefficients
(Informedness, Δp0 and Markedness, Δp; Powers, 2011)
for the multiclass confusion matrices. The MCC specifi-
cally assesses classification accuracy, while Δp0 and Δp
refer to regression coefficients that describe relation-
ships between predictors and outcomes (Powers, 2011).
This can be beneficial in scenarios involving imbal-
anced classes in binary data (Powers, 2011).

We compared the manual classification results with
the manual validation results for the Reconyx camera
trap images using the same process. To evaluate the
biological complementarity of the DeakinCams and
Reconyx camera traps, we compared the taxonomic
groups detected by each camera trap type.

RESULTS

Field deployment

We collected 85,870 individual video segments (>500 GB)
from the DeakinCams and 50,888 images (>22 GB) from the
Reconyx camera traps. This resulted in 83,005 DeakinCams
videos and 44,000 camera trap images from 16 sites. The full
DeakinCams dataset was used to test the SAWIT model.
Given the volume of videos collected, we allocated 50 hours
for RDS to manually classify a subset of them, resulting in
31,690 manually classified video segments (Table 1). All
Reconyx camera trap images were manually classified.

SAWIT with DeakinCams

Manual classification of video segments yielded 809 animal
detections and 338 test fire/human detections, including
363 detections of arthropods that the SAWIT model was
not trained to recognize (i.e., arthropods other than spiders
and scorpions) (Table 1). The arthropods that SAWIT
could not detect and the human detections were excluded
from further analysis, leaving 446 animal detections from
30,989 videos for data analysis. SAWIT identified 27,841
videos as animal detected, with the remaining 55,164
videos, from the full dataset of 83,005 videos, discarded as
empty. Appendix S1: Figure S2 provides an example of
the SAWIT output. Using the 31,690 manually labeled
videos for comparison, SAWIT correctly identified 46%
(14,295/30,543) of empty videos and 48% (212/446) of
videos containing animals (Figure 4). This resulted in low
specificity and sensitivity (0.47 and 0.48, respectively), and
an F1 score of 0.67. The Matthews correlation coefficient
(−0.01) indicates that the model performed slightly worse
than random. Of the 212 true positives, the model cor-
rectly classified 35 (16.5%) to the right category (Figure 5),
with the highest true positive classification for the spider
category (19). The model did not correctly classify any
bird, scorpion, or small mammal detections (Figure 5).
Classifier model performance varied by category, with the
bird category scoring the lowest for Informedness (Δp0;
−0.450) and snake the highest (0.430), while Markedness
Δp scores were centered around 0 except for spider (0.256)
(Table 2). The high number of bird false positives (84.9%)
was predominantly a result of the movement of either veg-
etation or the drift fence within the field of view.

MegaDetector with Reconyx camera traps

Manual validation of Reconyx camera-trap images
resulted in 28,420 detections of 24 species, as well as 1424
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TAB L E 1 Detection categories manually classified from DeakinCam videos and Reconyx camera trap images.

Category

DeakinCam Camera trap

No. Percentage of total No. Percentage of total

Bird 2 0.01 687 1.56

Empty 30,543 96.38 14,097 32.04

Frog 6 0.02 0 0

Human 338 1.07 1424 3.24

Large mammal 13 0.04 27,534 62.58

Large reptile 173 0.55 61 0.14

Scorpion 14 0.04 0 0

Small mammal 20 0.06 151 0.34

Small reptile 64 0.20 0 0

Snake 17 0.05 0 0

Spider 137 0.43 0 0

Unknown 363 1.15 46 0.10

Total 31,690 44,000

F I GURE 4 Confusion matrix of SAWIT object identifier detection of DeakinCams videos with model performance metrics. The top left

represents the Specificity (true negative rate), top right represents the Type II error (false negative) rate, the bottom left represents the Type I

error (false positive) rate, and the bottom right represents the Sensitivity (true positive) rate.
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images of people and 59 unidentifiable animal detections
(Table 1), which were removed from further analysis,
leaving 42,517 images. MegaDetector correctly identified
animal images more than 99% of the time, with
192 (0.5%) false negatives and 255 (0.6%) false positives
(Table 3). This resulted in high Precision (0.99), Recall
(0.98), and Balanced Accuracy (0.99), with correspond-
ingly high F1 (0.99) and MCC (0.98) scores (Figure 6).
The highest number of errors for each error category
(except false positives) was recorded for large mammals
(Table 4; Figure 7), likely a reflection of the high number
of detections of large mammals (n = 27,536) in the

dataset. Most of the 126 false negative errors of large
mammals were due to only a small part of the animal
(such as the tail tip of a macropod) being present in the
frame (Figure 8a) or the animal being obscured by vege-
tation (Figure 8b). The number of false positives differs
by one between the validation categories and the confu-
sion matrix because, in one image, an animal was missed
(false negative) and vegetation was incorrectly assigned
to the animal object category (a false positive), as shown
in Table 4. This false true positive (sensu Leorna &
Brinkman, 2022) was combined with false positives for
analysis. Model performance was consistently high across

F I GURE 5 Multiclass confusion matrix of SAWIT object identifier classification of DeakinCams videos into the seven categories (plus

empty) that the model was trained on compared with manual classification. Frequency of classification increases from white to dark blue.
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the animal categories, with Informedness Δp0 and
Markedness Δp scores all >0.9 (Table 5).

When validating the manual classification results for
the Reconyx camera trap images, we found 61 (0.1%)
false negatives and 72 (0.1%) false positives (Table 6;
Figure 9). This resulted in very high Precision (1), Recall
(0.99), and Balanced Accuracy (1), with very high F1
(1) and MCC (0.99) scores. In comparison, MegaDetector
classification resulted in 192 false negatives and 255 false
positives (Table 3, Figure 6). The false negatives in man-
ual classification were related to the partial occlusion of
animals within the images or the animals moving out
of the field of view (Figure 8). The false positives are due
to all images within a sequence being labeled the same
irrespective of whether an animal was present within the
image or not.

Comparing biological complementarity

The categories detected most frequently on the
DeakinCams were Empty (96.38%), Unknown (1.51%), and
Human (1.07%) while Large Mammals (62.58%), Empty
(32.04%), and Human (3.24%) were recorded most

frequently on Reconyx camera traps (Table 1). After
removing Unknown and Human detections, Empty
(98.56%), Large Reptile (0.56%), and Spider (0.44%) com-
prise the most detections by DeakinCams (Appendix S1:
Table S1). Similarly, Large Mammals (64.74%), Empty
(33.15%), and Bird (1.62%) were the most detected by
Reconyx cameras after Human and Unknown detections
were removed (Appendix S1: Table S1). A diversity of
small ectotherms, including Frogs (n = 6), Small Reptiles
(n = 64), Spiders (n = 147), and Scorpions (n = 14), were
detected by the DeakinCams in contrast to the Reconyx
cameras, with zero detections of these categories (Table 1).

DISCUSSION

Technological advances are urgently needed to increase
the availability of data to assist environmental decision-
making and conservation efforts (Silvestro et al., 2022).
Technology can improve the speed and volume of data
acquisition (Allan et al., 2018) and accelerate data
processing time. This leads to results being incorpo-
rated into management recommendations faster (Fennell
et al., 2022; Vélez et al., 2022). We collected a large volume

TAB L E 2 Summary of the SAWIT object identifier classification performance metrics for each category in the multiclass confusion

matrix for the DeakinCams dataset.

Category Sensitivity Specificity Precision Recall Balanced accuracy Δp0 Δp

Bird 0.000 0.550 0.000 0.000 0.275 −0.450 0.000

Empty 0.468 0.475 0.984 0.468 0.472 −0.057 −0.003

Frog 0.333 0.993 0.009 0.333 0.663 0.326 0.009

Large mammal 0.308 0.975 0.005 0.308 0.641 0.283 0.005

Lizard 0.008 0.998 0.036 0.008 0.503 0.007 0.028

Scorpion 0.000 0.996 0.000 0.000 0.498 −0.004 0.000

Small mammal 0.000 0.999 0.000 0.000 0.500 −0.001 −0.001

Snake 0.471 0.960 0.006 0.471 0.715 0.430 0.006

Spider 0.139 0.998 0.260 0.139 0.568 0.137 0.256

Note: Δp0 represents Informedness and Δp represents Markedness.

TAB L E 3 Validation categories for MegaDetector recognition data on Reconyx camera trap data, with error percentages.

Category

False negative False positive Undercount Overcount

No. Error (%) No. Error (%) No. Error (%) No. Error (%)

True 192 0.5 255 0.6 472 1.1 777 1.8

False 42,325 99.5 42,262 99.4 42,045 98.9 41,740 98.2

Total 42,517 42,517 42,517 42,517

Note: False negatives occur when an animal was missed; false positives occur when an image does not contain an animal, but MegaDetector assigns the animal
category. Undercount is when MegaDetector correctly detects animals but does not count all the individuals in the image; Overcount is when MegaDetector
correctly detects an animal but counts too many individuals than are in the image.
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of data that, if processed manually, may have outweighed
the advantages of gathering such information due to the
associated costs and potential for human error (Figueroa
et al., 2014). We consider the aim of automated data collec-
tion and classification should be for very high accuracy
and precision compared with human validation, using data
from any location. This enables species population trends
of concern within ecosystems to be detected in as close to
real-time as possible (Chalmers et al., 2023; Gomez Villa
et al., 2017). Our results demonstrate that automation

through computer vision has great potential for monitoring
wildlife, but that further training is needed to improve the
performance of existing models that are applied to ecto-
thermic animals.

Field evaluation of DeakinCams

We found that despite some technical issues, the
DeakinCams successfully recorded small fauna within

F I GURE 6 Confusion matrix of MegaDetector object identifier recognition of the Reconyx camera trap images. The top left count

represents the Specificity (true negative) rate, top right represents the Type II error (false negative) rate, the bottom left represents the Type 1

error (false positive) rate, and the bottom right represents the Sensitivity (true positive) rate.

TAB L E 4 Validation categories for MegaDetector recognition Reconyx camera trap data by image class.

Category

False negative False positive Undercount Overcount

No. Percentage of total No. Percentage of total No. Percentage of total No. Percentage of total

Bird 25 13 0 0 25 5.3 19 2.4

Empty 0 0 252 98.8 0 0 6 0.8

Large mammal 126 65.6 3 1.2 447 94.7 749 96.4

Large reptile 17 8.9 0 0 0 0 0 0

Small mammal 24 12.5 0 0 0 0 3 0.4

Total 192 255 472 777
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the field of view, with over 800 detections manually
classified from a subset of videos. This achievement was
aided by the onboard foreground detection algorithm,
which avoided the need for constant video, making
data storage manageable. Indeed, camera traps with
artificial intelligence capability are now used for moni-
toring invertebrate diversity in urban settings (Gao
et al., 2024), agricultural invertebrate pests (Ding &
Taylor, 2016; Kalamatianos et al., 2018), and invasive
mammal species (Velasco-Montero et al., 2024). Future
developments of DeakinCams that address the technical
issues encountered could include faster processors,

onboard AI for species identification, and real-time
data communication. Combining onboard AI with a
camera that is not triggered by movement has
important implications for conservation, management,
and research. In addition to reducing animal welfare
issues, eliminating the need to trap animals means
that the number of sites that can be surveyed is only
limited by the number of cameras, not the amount
of time it takes for daily checking of physical traps.
Ultimately, this can lead to larger datasets for ectother-
mic taxa that are typically less often studied than mam-
mals or birds.

F I GURE 7 Multiclass confusion matrix of MegaDetector object identifier validation of the Reconyx camera trap images into the

categories detected compared with manual classification. Frequency of correct classification increases from white to dark blue. We did not

use MegaDetector to classify images, therefore this matrix represents whether MegaDetector’s object identification output (Animal, Human,

Vehicle) was correct when compared with the manually classified dataset.
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Current studies into invertebrates rely heavily on live
sampling techniques and expert identification in the lab-
oratory (Hoye et al., 2021). They are also taxonomically
biased towards larger, more colorful species (Leandro

et al., 2017). Given that some invertebrate taxa are capa-
ble of escaping from or avoiding traditional pitfall traps
(Collett & Fisher, 2017), using smart traps such as the
DeakinCams may be a suitable alternative. Unless a

F I GURE 8 Examples of false negative errors where Megadetector has not detected an animal that has moved across the field of view of

a Reconyx camera trap: (a) a black wallaby (Wallabia bicolor) is correctly detected (blue rectangle) in the top image but in the bottom image

only the tail (blue circle) is visible but it was not detected; and (b) a short-beaked echidna (Tachyglossus aculeatus acanthion) is detected

(blue rectangle) as it moves away from the field of view in the top image, but is not detected as it moves further away and is partially

obscured by vegetation and the lure station stake (blue circle) in the bottom image. Photo credits: A. Pestell.

TAB L E 5 Summary of MegaDetector performance metrics for each category in the multiclass confusion matrix for the Reconyx camera

trap dataset.

Category Sensitivity Specificity Precision Recall Balanced accuracy Δp0 Δp

Bird 0.993 1.000 0.997 0.993 0.996 0.993 0.997

Empty 0.996 0.997 0.995 0.996 0.997 0.993 0.993

Large mammal 0.998 0.997 0.998 0.998 0.997 0.995 0.994

Large reptile 0.953 1.000 1.000 0.953 0.977 0.953 1.000

Small mammal 0.946 1.000 0.946 0.946 0.973 0.945 0.945

Note: Δp0 represents Informedness and Δp represents Markedness.
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study requires species-specific or genetic material, for
example, to differentiate morphologically similar spe-
cies (Collett & Fisher, 2017), using camera traps may
negate the need for live sampling for studies where the
targeted taxa can be distinguished using video imagery.
Camera trapping also facilitates in situ behavioral or
observational studies that may have previously been
costly or time-prohibitive (Collett & Fisher, 2017; Hoye
et al., 2021).

SAWIT with DeakinCams

Despite the advantages the DeakinCams provided, we
needed to exclude almost half of the manually classified
invertebrate detections from our analysis because the
SAWIT model was not trained to detect and identify them.
Many of the videos labeled as empty by the SAWIT model
included invertebrates that did not correspond to the ani-
mal categories used in training the dataset (Nguyen
et al., 2023). This is a common limitation with deep learn-
ing models, which have ostensibly limited their utility
beyond the training environment (Schneider et al., 2023).
Using the default confidence threshold instead of calibrat-
ing the model to find the optimal confidence threshold
also limited the generalizability of the model (Dussert
et al., 2024). Retraining the model by reclassifying the data
to include all animals visible in the videos and calibrating
with different confidence thresholds may improve our
understanding of how well the model works for classifying
animals. Given the taxonomic biases in current invertebrate
research (Leandro et al., 2017), resolving this disparity has
implications for reducing such biases in future research.

TAB L E 6 Validation categories for observer classification of

Reconyx camera trap data, with error percentages.

Category

False negative False positive

No. Error (%) No. Error (%)

True 61 0.1 72 0.1

False 42,456 99.8 42,445 99.8

Total 42,517 42,517

Note: False negatives occur when an animal was missed by the observer;

false positives occur when an image does not contain an animal, but the
observer assigns the animal category.

F I GURE 9 Confusion matrix of human classification of animal images. The top left count represents the Specificity (true negative rate),

top right represents the Type II error (false negative) rate, the bottom left represents the Type 1 error (false positive) rate, and the bottom

right represents the Sensitivity (true positive rate).
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Background interference and partial or total occlusion
of the field of view were common causes of false positives
in our study. This has been observed in other datasets
(Chalmers et al., 2023; Gomez Villa et al., 2017), inclu-
ding another study using the DeakinCams (Nguyen
et al., 2023). In our study, we also observed that shadows,
rainfall, vegetation, and movement of the drift fence
within the field of view triggered false detections by the
onboard CPU. When false positives from our data were
screened through SAWIT, they were incorrectly classified
as birds (Figure 5). Resolving such issues would require
iterations of training and testing of the model with new
locations (Miao et al., 2021). The perceived time and
expertise to do so may, however, act as a deterrent for
many researchers with limits on either time, expertise, or
both (Beery, Morris, Yang, Simon, et al., 2019; Desprez
et al., 2023). With the rapid use of computer vision
tools employed in ecological studies in the past decade
(Pichler & Hartig, 2023), there are opportunities to use
a real-time object detection and classification algorithm
with a more powerful onboard processor (e.g., Chalmers
et al., 2023; Tuia et al., 2022). This would further reduce
the level of manual processing. Indeed, Nazir and
Kaleem (2024) have recently demonstrated the use of
transfer learning and explainable AI to perform onboard
image classification on a novel, Raspberry Pi-based cam-
era trap, achieving performance metrics comparable to
the MegaDetector results reported herein.

MegaDetector with Reconyx camera traps

While manual classification resulted in a lower rate of
false positives (0.1% or 72 images) than MegaDetector
(0.6% or 255 images), we found that MegaDetector
was extremely accurate (>99%) at separating images of
animals from “blank” images in our study ecosystem.
MegaDetector can therefore substantially reduce the
manual classification process (e.g., Bohnett et al., 2023).
In the context of the expected time savings of using
MegaDetector to automate object labeling, such a low
rate of false positives generated by MegaDetector is
insignificant. This is particularly so given that all the
manually classified false positives resulted from labeling
entire detection sequences as containing an animal. We
have found that this is a common practice in camera trap
image processing (Pestell et al., 2024) and while it may
be useful for some purposes, it is not good practice for
assessing the performance of machine learning models.

Similarly, false negatives represented just 0.5%
(192 images) of the MegaDetector results, with large reptiles
representing 8.9% (17 images) of these errors. While these
taxa are commonly under-detected by remote-sensing

cameras (Corva et al., 2022; Welbourne et al., 2019), the
higher error rate here is likely associated with poor training
data compounded by poor detection probability. Given that
large reptiles were under-represented in the Reconyx cam-
era trap (61 images at 0.14% of the total), and smaller ecto-
therms were not detected at all, resolving the detectability
of ectotherms is important. The use of more targeted cam-
era setups (i.e., downward-facing cameras with a shorter
field of view and no IR-trigger such as the DeakinCams)
for these groups is required (Welbourne et al., 2019) to
ensure that adequate datasets are available for training
object detection models.

Context around false negatives can be valuable when
considering their relative impact. A false negative that is
one image of a species in a sequence of five images taken
in a burst, where the animal was successfully detected
in the rest of the sequence, will have negligible impact.
For example, the false negatives in manual classification
comprised just 0.1% (61 images), with large mammals
being the most common (51/61, 84%). In most cases,
these false negatives were a single image within a
sequence, and the animal was detected in the other
sequence images. False negatives like this often occurred
when only very small parts of the large mammal were
visible (i.e., the end of the tail of the animal; Figure 8).
As such, these errors did not result in animals being
missed entirely. However, models that do not detect an
animal in an entire sequence of images pose a problem
for researchers and land managers, which could arise
through inadequate data for training. This is particularly
the case for studies involving cryptic or rare species
(Bohnett et al., 2023) or when as close to real-time detec-
tion as possible of an invasive species is critical for
preventing incursions (e.g., Kalamatianos et al., 2018;
Smith et al., 2024). Artificial intelligence methods are rap-
idly evolving (Nakagawa et al., 2023). For example, since
the initiation of this research, developments have been
made with MegaDetector (Hernandez et al., 2024) and
its integration with Timelapse (Greenberg, 2025) to move
towards automated species classification using the
EcoAssist tool (van Lunteren, 2023). Although not ready
for true automation yet, preliminary results hold substan-
tial promise (A. Pestell, unpublished data). This is espe-
cially the case in scenarios where labeled photos from
previous camera work at the same site can be used as train-
ing data specific to the study system (van Lunteren, 2023).

Evaluating performance

We found that both object detection models were suc-
cessful at finding animals in camera trap data and that
MegaDetector performed just as well as manual
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classification. However, our results also demonstrate that
some manual processing is necessary to validate model
outputs, with the level of human intervention varying
by model selection. The comparatively poor performance
of SAWIT on our data supports prior observations that
models trained on a single location are not easily trans-
ferable to others (Beery et al., 2018; Eichholtzer, 2024).
In our case, we used the same YOLOv5 (Redmon &
Farhadi, 2017) model trained and tested on the SAWIT
dataset (Nguyen et al., 2023), with Eichholtzer (2024)
achieving high (0.96) accuracy compared with our
low (0.47) accuracy, despite both studies using the
DeakinCams. These results highlight the need for com-
puter vision models to be generalizable across locations if
they are to be widely adopted (Beery et al., 2021). The
high performance of MegaDetector in our and other stud-
ies (for example Fennell et al., 2022; Vélez et al., 2022) is
largely a result of the underlying model being iteratively
trained on camera trap data from across the world
(Beery, Morris, & Yang, 2019), exposing the algorithm to
new backgrounds and species. We caution, however, that
we did not use the separate MegaDetector classification
model (Microsoft AI for Earth, 2018) on our data, so our
inferences are based on the detection capabilities of the
model only.

The MegaDetector model used herein is an object
detector that screens for animal presence or absence
and assigns a confidence value for the prediction.
MegaDetector outputs can then be viewed in a graphical
user interface (GUI) such as Timelapse (Greenberg &
Godin, 2015) for validation. This is a relatively simple
process for identifying potential false negatives and may
be conducted at the same time as other validation pro-
cesses (“human-in-the-loop” processes; Käding
et al., 2016). By contrast, the SAWIT model (Nguyen
et al., 2023) is an object classifier that excludes empty
videos from the classification task without manual over-
sight. This has the potential to produce false negatives,
which are then discarded without manual processing.

For this study, manually processing the 31,690
video segments used in our analysis took 50 h; at ~633
video segments per hour, this equates to 136 h to process
all 85,870 segments. This is a conservative estimate and
is based on a single person who was familiar with the
task. Evidence suggests that the quality and accuracy of
manual annotation vary from person to person (Chan
et al., 2023; Zett et al., 2022). Incorporating object detec-
tion and classification models can significantly improve
the processing speed of camera trap data (Chan
et al., 2023; Fennell et al., 2022). We therefore suggest
that the SAWIT model be further developed to decouple
the tasks of detection and classification and incorporate a
human-in-the-loop process to validate outputs at both

stages (Bodesheim et al., 2022). This approach has suc-
cessfully been deployed on other taxa in a variety of eco-
systems (e.g., Bodesheim et al., 2022; Kulits et al., 2021)
as well as on video footage of animals from the internet
(Käding et al., 2016). Calibration of the model with multi-
ple confidence thresholds after further training may also
lead to improvements in model performance (Dussert
et al., 2024). These refinements should minimize the risk
of false negatives leading to missed detections as well
as decrease the need for extensive manual processing
post-classification while maintaining a level of human
oversight.

Biological complementarity

Standard camera traps rely on heat-in-motion passive
infrared sensors to detect fauna, which has resulted in a
trend toward detections of medium- and large-bodied
endotherms (Corva et al., 2022; Delisle et al., 2021).
Efforts to reduce this trend include changes to camera
trap setup such as trap orientation (Moore et al., 2020),
using specific models (Brown et al., 2023), and modifying
programming aspects (Welbourne et al., 2019). The
DeakinCams were designed to address the existing data gap
for small fauna (Corva et al., 2022; Nguyen et al., 2023).
Our results demonstrate that the DeakinCams were
successful in detecting a range of ectotherms that were
not detected by the Reconyx camera traps (Table 1).
Indeed, by also detecting medium-sized fauna, they have
performed above expectations in that regard. DeakinCams,
therefore, can help to fill the gap left by commercial
camera traps, enabling insights into small and ectothermic
animals. In combination with commercial camera traps
(e.g., Eichholtzer, 2024), more complete coverage of verte-
brates can be achieved.

Applications and future advances of smart
cameras

In a recent survey of conservation practitioners, researc-
hers, and technologists, Hahn et al. (2022) identified that
the automation of camera trap image processing was a
priority in the conservation technology sector. Our results
on machine learning for object detection and classifica-
tion should provide practitioners with the confidence
to use existing technologies to automate their camera
trap processing methods. Indeed, our results have already
led to changes in existing processes within some land
management organizations (e.g., Pestell et al., 2024).
However, we recognize that for some taxa, such as threat-
ened species, there is little to no margin for error and
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manual validation will be necessary (Bohnett et al., 2023).
We therefore concur with recent calls advocating that con-
tinued manual validation processes be retained in automa-
tion processes to mitigate known issues such as poor
generalization of models to novel scenes and species
(Bodesheim et al., 2022; Chan et al., 2023). Having a full
dataset classified rather than limiting labeling to a single
species or suite of target species would provide greater
opportunities for researchers to contribute to and share
data for studies at multiple spatial and temporal scales
(Young et al., 2018). Collaborative efforts across nations
and continents are critical to further global efforts to moni-
tor biodiversity and inform conservation policies (Bruce
et al., 2025; Young et al., 2018).

Our DeakinCams used an AI motion detection algo-
rithm to detect movement across the field of view,
enabling the storage of videos of a range of taxa for
post-processing with machine learning tools. With con-
tinued efforts to adapt new machine vision approaches
like transfer learning (Bodesheim et al., 2022) into the
DeakinCams and integrating an onboard species classi-
fier, they offer great potential for the future study of small
and difficult-to-survey fauna. Although not tested in our
study, the DeakinCams are equipped with climate sen-
sors, GPS, and a microphone (Corva et al., 2022) that
would enable a wider range of data to be collected,
particularly bioacoustics. These additional sensors could
be used to identify species not detected otherwise
using machine vision (Stowell, 2022). The potential of the
internet of things (IoT) and “smart environments,” as
envisioned by Allan et al. (2018), could see remote or sen-
sitive ecosystems monitored via a series of connected
devices that are able to transmit data either in real
time or at regular intervals. These types of multisensor
platforms would enable a whole-of-landscape approach
to biodiversity monitoring that will enhance conser-
vation efforts while reducing costs (Lahoz-Monfort &
Magrath, 2021). Our study adds to the growing evidence
of the benefits of using technology and machine learning
to aid conservation efforts.

AUTHOR CONTRIBUTIONS
Don A. Driscoll, Duc T. Nguyen, and Abbas Z. Kouzani
conceived of and designed the customized smart camera
traps. Angela J. L. Pestell, Don A. Driscoll, and Euan
G. Ritchie designed the methodology in consultation with
Dean M. Corva, Duc T. Nguyen, and Abbas Z. Kouzani.
Angela J. L. Pestell collected the data; Angela J. L.
Pestell, Robin D. Sinclair, and Anne C. Eichholtzer
processed the data; Angela J. L. Pestell and A. R. Rendall
analyzed the data and led the writing of the manuscript.
All authors contributed critically to the drafts and gave
final approval for publication.

ACKNOWLEDGMENTS
We acknowledge the Wotjobaluk Nations as traditional
owners of the land on which this research was conducted
and the Wurundjeri-Woi Wurrung and Bunurong
Peoples of the Kulin Nation as traditional owners of the
lands on which this manuscript was prepared. This
research was funded by the Victorian Department of
Energy, Environment and Climate Action (DEECA)
Project ERP-22. The authors thank Kendrika Gaur and
Ian Sellar for their fieldwork contributions, Hung Son
Nguyen for his assistance with the SAWIT machine learn-
ing model, and Richard Pestell for his assistance with
MegaDetector. Angela J. L. Pestell and Anne C.
Eichholtzer were supported by Deakin University
Postgraduate Research scholarships. A. J. L. Pestell was
also supported by a Holsworth Wildlife Research
Endowment grant. Dale G. Nimmo and Tim S. Doherty
provided useful comments on an earlier version of the
manuscript. Open access publishing facilitated by Deakin
University, as part of the Wiley - Deakin University agree-
ment via the Council of Australian University Librarians.

CONFLICT OF INTEREST STATEMENT
The authors declare no conflicts of interest.

DATA AVAILABILITY STATEMENT
Data and code (Pestell, 2024a, 2024b; Nguyen, 2025) are
available from Zenodo: DeakinCams: https://doi.org/10.
5281/zenodo.13340369; SAWIT Dataset: https://doi.org/
10.5281/zenodo.14927692.

ORCID
Angela J. L. Pestell https://orcid.org/0000-0002-9987-
8424
Anthony R. Rendall https://orcid.org/0000-0002-7286-
9288

REFERENCES
Ahumada, J. A., J. Hurtado, and D. Lizcano. 2013. “Monitoring the

Status and Trends of Tropical Forest Terrestrial Vertebrate
Communities from Camera Trap Data: A Tool for
Conservation.” PLoS One 8(9): e73707. https://doi.org/10.
1371/journal.pone.0073707.

Ahumada, J. A., E. Fegraus, T. Birch, N. Flores, R. Kays, T. G.
O’Brien, J. Palmer, et al. 2019. “Wildlife Insights: A Platform to
Maximize the Potential of Camera Trap and Other Passive
Sensor Wildlife Data for the Planet.” Environmental Conservation
47(1): 1–6. https://doi.org/10.1017/s0376892919000298.

Allan, B., D. Nimmo, D. Ierodiaconou, J. Van Der Wal, L. P. Koh,
and E. G. Ritchie. 2018. “Futurecasting Ecological Research
the Rise of Technoecology.” Ecosphere 9(5): e02163. https://
doi.org/10.1002/ecs2.2163.

Barber-Meyer, S. M., and T. Newsome. 2022. “Can Non-Invasive
Methods Replace Radiocollar-Based Winter Counts in a 50-Year

ECOSPHERE 17 of 21

 21508925, 2025, 3, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.70220 by D

eakin U
niversity, W

iley O
nline L

ibrary on [13/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.5281/zenodo.13340369
https://doi.org/10.5281/zenodo.13340369
https://doi.org/10.5281/zenodo.14927692
https://doi.org/10.5281/zenodo.14927692
https://orcid.org/0000-0002-9987-8424
https://orcid.org/0000-0002-9987-8424
https://orcid.org/0000-0002-9987-8424
https://orcid.org/0000-0002-7286-9288
https://orcid.org/0000-0002-7286-9288
https://orcid.org/0000-0002-7286-9288
https://doi.org/10.1371/journal.pone.0073707
https://doi.org/10.1371/journal.pone.0073707
https://doi.org/10.1017/s0376892919000298
https://doi.org/10.1002/ecs2.2163
https://doi.org/10.1002/ecs2.2163


Wolf Study? Lessons Learned from a Three-Winter Trial.”Wildlife
Research 50(6): 451–464. https://doi.org/10.1071/wr22001.

Barnosky, A. D., N. Matzke, S. Tomiya, G. O. Wogan, B. Swartz,
T. B. Quental, C. Marshall, et al. 2011. “Has the Earth’s Sixth
Mass Extinction Already Arrived?” Nature 471(7336): 51–57.
https://doi.org/10.1038/nature09678.

Beery, S., A. Agarwal, E. Cole, and V. Birodkar. 2021. “The
Iwildcam 2021 Competition Dataset.” arXiv Preprint arXiv:
2105.03494. https://doi.org/10.48550/arXiv.2105.03494.

Beery, S., D. Morris, and S. Yang. 2019. “Efficient Pipeline for
Camera Trap Image Review.” arXiv Preprint arXiv:1907.06772.
https://doi.org/10.48550/arXiv.1907.06772.

Beery, S., D. Morris, S. Yang, M. Simon, A. Norouzzadeh, wand
N. Joshi. 2019. “Efficient Pipeline for Automating Species ID in
New Camera Trap Projects.” Biodiversity Information Science
and Standards 3: e37222. https://doi.org/10.3897/biss.3.37222.

Beery, S., G. Van Horn, and P. Perona. 2018. “Recognition in Terra
Incognita.” In Computer Vision – ECCV, Vol. 2018. Cham:
Springer International Publishing.

Blount, J. D., M. W. Chynoweth, A. M. Green, and C. H.
Sekercioglu. 2021. “Review: COVID-19 Highlights the
Importance of Camera Traps for Wildlife Conservation
Research and Management.” Biological Conservation 256:
108984. https://doi.org/10.1016/j.biocon.2021.108984.

Bodesheim, P., J. Blunk, M. Körschens, C.-A. Brust, C. Käding, and
J. Denzler. 2022. “Pre-Trained Models Are Not Enough: Active
and Lifelong Learning Is Important for Long-Term Visual
Monitoring of Mammals in Biodiversity Research—Individual
Identification and Attribute Prediction with Image Features
from Deep Neural Networks and Decoupled Decision Models
Applied to Elephants and Great Apes.” Mammalian Biology
102(3): 875–897. https://doi.org/10.1007/s42991-022-00224-8.

Bohnett, E., S. P. Faryabi, R. Lewison, L. An, X. Bian, A. M. Rajabi,
N. Jahed, et al. 2023. “Human Expertise Combined with
Artificial Intelligence Improves Performance of Snow Leopard
Camera Trap Studies.” Global Ecology and Conservation 41:
e02350. https://doi.org/10.1016/j.gecco.2022.e02350.

Brown, A. K., D. A. Hannon, and J. C. Maerz. 2023. “Estimating the
Effectiveness of Using Wildlife Cameras Versus
Visual-Encounter Surveys to Detect Herpetofauna.” Wildlife
Research 51(1): 1–12. https://doi.org/10.1071/wr23037.

Bruce, T., Z. Amir, B. L. Allen, B. F. Alting, M. Amos, J. Augusteyn,
G. A. Ballard, et al. 2025. “Large-Scale and Long-Term
Wildlife Research and Monitoring Using Camera Traps: A
Continental Synthesis.” Biological Reviews of the Cambridge
Philosophical Society 100(2): 530–555. https://doi.org/10.1111/
brv.13152.

Chalmers, C., P. Fergus, S. Wich, S. N. Longmore, N. Davies Walsh,
P. A. Stephens, C. Sutherland, N. Matthews, J. Mudde, and
A. Nuseibeh. 2023. “Removing Human Bottlenecks in Bird
Classification Using Camera Trap Images and Deep Learning.”
Remote Sensing 15(10): 2638. https://doi.org/10.3390/rs15102638.

Chan, A. H., J. L. Hang, T. Burke, W. D. Pearse, and J. Schroeder.
2023. “Comparison of Manual, Machine Learning, and Hybrid
Methods for Video Annotation to Extract Parental Care Data.”
Journal of Avian Biology 2024(3–4): e03167. https://doi.org/10.
1111/jav.03167.

Chen, G., T. X. Han, Z. He, R. Kays, and T. Forrester. 2014. “Deep
Convolutional Neural Network Based Species Recognition for

Wild Animal Monitoring.” 2014 IEEE International
Conference on Image Processing (ICIP), 27–30 October 2014.

Clarke, M. F., L. T. Kelly, S. C. Avitabile, J. Benshemesh, K. E.
Callister, D. A. Driscoll, P. Ewin, et al. 2021. “Fire and its
Interactions with Other Drivers Shape a Distinctive, Semi-Arid
‘Mallee’ Ecosystem.” Frontiers in Ecology and Evolution 9:
1–27. https://doi.org/10.3389/fevo.2021.647557.

Collett, R. A., and D. O. Fisher. 2017. “Time-Lapse Camera
Trapping as an Alternative to Pitfall Trapping for Estimating
Activity of Leaf Litter Arthropods.” Ecology and Evolution
7(18): 7527–33. https://doi.org/10.1002/ece3.3275.

Corva, D. M., N. I. Semianiw, A. C. Eichholtzer, S. D. Adams,
M. A. P. Mahmud, K. Gaur, A. J. L. Pestell, D. A. Driscoll, and
A. Z. Kouzani. 2022. “A Smart Camera Trap for Detection of
Endotherms and Ectotherms.” Sensors (Basel) 22(11): 4094.
https://doi.org/10.3390/s22114094.

Cove, M. V., R. M. Spínola, V. L. Jackson, J. C. Sàenz, and O.
Chassot. 2013. “Integrating Occupancy Modeling and
Camera-Trap Data to Estimate Medium and Large Mammal
Detection and Richness in a Central American Biological
Corridor.” Tropical Conservation Science 6(6): 781–795. https://
doi.org/10.1177/194008291300600606.

Davies, T., A. Cowley, J. Bennie, C. Leyshon, R. Inger, H. Carter,
B. Robinson, et al. 2018. “Popular Interest in Vertebrates Does
Not Reflect Extinction Risk and Is Associated with Bias in
Conservation Investment.” PLoS One 13(9): e0203694. https://
doi.org/10.1371/journal.pone.0203694.

De Bondi, N., J. White, M. Stevens, and R. Cooke. 2010. “A
Comparison of the Effectiveness of Camera Trapping and Live
Trapping for Sampling Terrestrial Small-Mammal Communities.”
Wildlife Research 37(6): 456. https://doi.org/10.1071/WR10046.

Delisle, Z. J., E. A. Flaherty, M. R. Nobbe, C. M. Wzientek, and R. K.
Swihart. 2021. “Next-Generation Camera Trapping: Systematic
Review of Historic Trends Suggests Keys to Expanded Research
Applications in Ecology and Conservation.” Frontiers in Ecology
and Evolution 9: 617996. https://doi.org/10.3389/fevo.2021.
617996.

Desprez, M., V. Miele, and O. Gimenez. 2023. “Nine Tips for
Ecologists Using Machine Learning.” arXiv Preprint arXiv:
2305.10472. https://doi.org/10.48550/arXiv.2305.10472.

Ding, W., and G. Taylor. 2016. “Automatic Moth Detection from
Trap Images for Pest Management.” Computers and Electronics
in Agriculture 123: 17–28. https://doi.org/10.1016/j.compag.
2016.02.003.

dos Santos, J. W., R. A. Correia, A. C. M. Malhado, J. V.
Campos-Silva, D. Teles, P. Jepson, and R. J. Ladle. 2020.
“Drivers of Taxonomic Bias in Conservation Research:
A Global Analysis of Terrestrial Mammals.” Animal
Conservation 23(6): 679–688. https://doi.org/10.1111/acv.
12586.

Dundas, S. J., K. X. Ruthrof, G. E. S. J. Hardy, and P. A. Fleming.
2019. “Pits or Pictures: A Comparative Study of Camera Traps
and Pitfall Trapping to Survey Small Mammals and Reptiles.”
Wildlife Research 46(2): 104. https://doi.org/10.1071/wr18074.

Dussert, G., S. Chamaillé-Jammes, S. Dray, and V. Miele. 2024.
“Being Confident in Confidence Scores: Calibration in Deep
Learning Models for Camera Trap Image Sequences.” Remote
Sensing in Ecology and Conservation 11: 88–99. https://doi.org/
10.1002/rse2.412.

18 of 21 PESTELL ET AL.

 21508925, 2025, 3, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.70220 by D

eakin U
niversity, W

iley O
nline L

ibrary on [13/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1071/wr22001
https://doi.org/10.1038/nature09678
https://doi.org/10.48550/arXiv.2105.03494
https://doi.org/10.48550/arXiv.1907.06772
https://doi.org/10.3897/biss.3.37222
https://doi.org/10.1016/j.biocon.2021.108984
https://doi.org/10.1007/s42991-022-00224-8
https://doi.org/10.1016/j.gecco.2022.e02350
https://doi.org/10.1071/wr23037
https://doi.org/10.1111/brv.13152
https://doi.org/10.1111/brv.13152
https://doi.org/10.3390/rs15102638
https://doi.org/10.1111/jav.03167
https://doi.org/10.1111/jav.03167
https://doi.org/10.3389/fevo.2021.647557
https://doi.org/10.1002/ece3.3275
https://doi.org/10.3390/s22114094
https://doi.org/10.1177/194008291300600606
https://doi.org/10.1177/194008291300600606
https://doi.org/10.1371/journal.pone.0203694
https://doi.org/10.1371/journal.pone.0203694
https://doi.org/10.1071/WR10046
https://doi.org/10.3389/fevo.2021.617996
https://doi.org/10.3389/fevo.2021.617996
https://doi.org/10.48550/arXiv.2305.10472
https://doi.org/10.1016/j.compag.2016.02.003
https://doi.org/10.1016/j.compag.2016.02.003
https://doi.org/10.1111/acv.12586
https://doi.org/10.1111/acv.12586
https://doi.org/10.1071/wr18074
https://doi.org/10.1002/rse2.412
https://doi.org/10.1002/rse2.412


Eichholtzer, A. C. 2024. “The Multiple Values of Citizen Science
and New Technologies.” Doctor of Philosophy, Deakin
University.

Farley, S. S., A. Dawson, S. J. Goring, and J. W. Williams. 2018.
“Situating Ecology as a Big-Data Science: Current Advances,
Challenges, and Solutions.” Bioscience 68(8): 563–576. https://
doi.org/10.1093/biosci/biy068.

Fennell, M., C. Beirne, and A. C. Burton. 2022. “Use of Object
Detection In Camera Trap Image Identification: Assessing a
Method to Rapidly and Accurately Classify Human and
Animal Detections for Research and Application in Recreation
Ecology.” Global Ecology and Conservation 35: e02104. https://
doi.org/10.1016/j.gecco.2022.e02104.

Figueroa, K., A. Camarena-Ibarrola, J. García, and H. Tejeda
Villela. 2014. “Fast Automatic Detection of Wildlife in Images
from Trap Cameras.” Progress in Pattern Recognition, Image
Analysis, Computer Vision, and Applications. CIARP 2014,
Cham.

Gao, M., J. Sun, Y. Jiang, Y. Zheng, T. Lu, and J. Liu. 2024.
“Shooting Area of Infrared Camera Traps Affects Recorded
Taxonomic Richness and Abundance of Ground-Dwelling
Invertebrates.” Ecology and Evolution 14(5): e11357. https://
doi.org/10.1002/ece3.11357.

Garcia-Rosello, E., J. Gonzalez-Dacosta, C. Guisande, and J. M.
Lobo. 2023. “GBIF Falls Short of Providing a Representative
Picture of the Global Distribution of Insects.” Systematic
Entomology 48(4): 489–497. https://doi.org/10.1111/syen.
12589.

Gomez Villa, A., A. Salazar, and F. Vargas. 2017. “Towards
Automatic Wild Animal Monitoring: Identification of Animal
Species In Camera-Trap Images Using Very Deep
Convolutional Neural Networks.” Ecological Informatics 41:
24–32. https://doi.org/10.1016/j.ecoinf.2017.07.004.

Greenberg, S. 2025. “Timelapse Image Recognition Guide.” https://
saul.cpsc.ucalgary.ca/timelapse/uploads/Guides/Timelapse
ImageRecognitionGuide.pdf.

Greenberg, S., and T. Godin. 2015. “A Tool Supporting the
Extraction of Angling Effort Data from Remote Camera
Images.” Fisheries 40(6): 276–287. https://doi.org/10.1080/
03632415.2015.1038380.

Hahn, N. R., S. P. Bombaci, and G. Wittemyer. 2022. “Identifying
Conservation Technology Needs, Barriers, and Opportunities.”
Scientific Reports 12(1): 4802. https://doi.org/10.1038/s41598-
022-08330-w.

Hendry, H., and C. Mann. 2018. “Camelot—Intuitive Software for
Camera-Trap Data Management.” Oryx 52(1): 15. https://doi.
org/10.1017/s0030605317001818.

Hernandez, A., Z. Miao, L. Vargas, R. Dodhia, P. Arbelaez, and
J. M. Lavista Ferres. 2024. “Pytorch-Wildlife: A Collaborative
Deep Learning Framework for Conservation.” arXiv Preprint
arXiv:2405.12930. https://doi.org/10.48550/arXiv.2405.12930.

Hoye, T. T., J. Arje, K. Bjerge, O. L. P. Hansen, A. Iosifidis, F. Leese,
H. M. R. Mann, K. Meissner, C. Melvad, and J. Raitoharju.
2021. “Deep Learning and Computer Vision Will Transform
Entomology.” Proceedings of the National Academy of Sciences
of the United States of America 118(2): e2002545117. https://
doi.org/10.1073/pnas.2002545117.

Hutson, G. 2021. “ConfusionTableR: Confusion Matrix Toolset.” In
R package version 1.0.4.

IPBES. 2019. “Global Assessment Report on Biodiversity and
Ecosystem Services of the Intergovernmental Science-Policy
Platform on Biodiversity and Ecosystem Services.” IPBES
Secretariat (Bonn, Germany).

Käding, C., E. Rodner, A. Freytag, and J. Denzler. 2016. “Watch,
Ask, Learn, and Improve: A Lifelong Learning Cycle for
Visual Recognition.” European Symposium on Artificial
Neural Networks (ESANN), Bruges, 27–29 April 2016. https://
www.esann.org/sites/default/files/proceedings/legacy/es2016-
91.pdf.

Kalamatianos, R., I. Karydis, D. Doukakis, and M. Avlonitis.
2018. “DIRT: The Dacus Image Recognition Toolkit.”
Journal of Imaging 4(11): 129. https://doi.org/10.3390/
jimaging4110129.

Keeley, J., W. Bond, R. Bradstock, J. Pausas, and P. Rundel. 2011.
Fire in Mediterranean Ecosystems: Ecology, Evolution and
Management. Cambridge: Cambridge University Press. https://
doi.org/10.1017/CBO9781139033091.

Kerry, R. G., F. J. P. Montalbo, R. Das, S. Patra, G. P. Mahapatra, G. K.
Maurya, V. Nayak, et al. 2022. “An Overview of Remote
Monitoring Methods in Biodiversity Conservation.” Environmental
Science and Pollution Research International 29(53): 80179–221.
https://doi.org/10.1007/s11356-022-23242-y.

Kohavi, R., and F. Provost. 1998. “Glossary of Terms.”Machine Learning
30(2/3): 271–74. https://doi.org/10.1023/a:1017181826899.

Kuhn, M. 2008. “Building Predictive Models in R Using the Caret
Package.” Journal of Statistical Software 28(5): 1–26. https://
doi.org/10.18637/jss.v028.i05.

Kulits, P., J. Wall, A. Bedetti, M. Henley, and S. Beery. 2021.
“ElephantBook: A Semi-Automated Human-in-the-Loop
System for Elephant Re-Identification.” ACM SIGCAS
Conference on Computing and Sustainable Societies
(COMPASS). https://doi.org/10.1145/3460112.3471947.

Lahoz-Monfort, J. J., and M. J. L. Magrath. 2021. “A
Comprehensive Overview of Technologies for Species and
Habitat Monitoring and Conservation.” Bioscience 71(10):
1038–62. https://doi.org/10.1093/biosci/biab073.

Leandro, C., P. Jay-Robert, and A. Vergnes. 2017. “Bias and
Perspectives in Insect Conservation: A European Scale
Analysis.” Biological Conservation 215: 213–224. https://doi.
org/10.1016/j.biocon.2017.07.033.

Leorna, S., and T. Brinkman. 2022. “Human Vs. Machine: Detecting
Wildlife In Camera Trap Images.” Ecological Informatics 72:
101876. https://doi.org/10.1016/j.ecoinf.2022.101876.

Linkie, M., G. Guillera-Arroita, J. Smith, A. Ario, G. Bertagnolio,
F. Cheong, G. R. Clements, et al. 2013. “Cryptic Mammals
Caught on Camera: Assessing the Utility of Range Wide
Camera Trap Data for Conserving the Endangered Asian
Tapir.” Biological Conservation 162: 107–115. https://doi.org/
10.1016/j.biocon.2013.03.028.

Marco, D. M., S. Chapman, G. Althor, S. Kearney, C. Besancon,
N. Butt, J. M. Maina, et al. 2017. “Changing Trends and
Persisting Biases in Three Decades of Conservation Science.”
Global Ecology and Conservation 10: 32–42. https://doi.org/10.
1016/j.gecco.2017.01.008.

Matthews, B. W. 1975. “Comparison of the Predicted and Observed
Secondary Structure of T4 Phage Lysozyme.” Biochimica et
Biophysica Acta 405(2): 442–451. https://doi.org/10.1016/0005-
2795(75)90109-9.

ECOSPHERE 19 of 21

 21508925, 2025, 3, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.70220 by D

eakin U
niversity, W

iley O
nline L

ibrary on [13/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1093/biosci/biy068
https://doi.org/10.1093/biosci/biy068
https://doi.org/10.1016/j.gecco.2022.e02104
https://doi.org/10.1016/j.gecco.2022.e02104
https://doi.org/10.1002/ece3.11357
https://doi.org/10.1002/ece3.11357
https://doi.org/10.1111/syen.12589
https://doi.org/10.1111/syen.12589
https://doi.org/10.1016/j.ecoinf.2017.07.004
https://saul.cpsc.ucalgary.ca/timelapse/uploads/Guides/TimelapseImageRecognitionGuide.pdf
https://saul.cpsc.ucalgary.ca/timelapse/uploads/Guides/TimelapseImageRecognitionGuide.pdf
https://saul.cpsc.ucalgary.ca/timelapse/uploads/Guides/TimelapseImageRecognitionGuide.pdf
https://doi.org/10.1080/03632415.2015.1038380
https://doi.org/10.1080/03632415.2015.1038380
https://doi.org/10.1038/s41598-022-08330-w
https://doi.org/10.1038/s41598-022-08330-w
https://doi.org/10.1017/s0030605317001818
https://doi.org/10.1017/s0030605317001818
https://doi.org/10.48550/arXiv.2405.12930
https://doi.org/10.1073/pnas.2002545117
https://doi.org/10.1073/pnas.2002545117
https://www.esann.org/sites/default/files/proceedings/legacy/es2016-91.pdf
https://www.esann.org/sites/default/files/proceedings/legacy/es2016-91.pdf
https://www.esann.org/sites/default/files/proceedings/legacy/es2016-91.pdf
https://doi.org/10.3390/jimaging4110129
https://doi.org/10.3390/jimaging4110129
https://doi.org/10.1017/CBO9781139033091
https://doi.org/10.1017/CBO9781139033091
https://doi.org/10.1007/s11356-022-23242-y
https://doi.org/10.1023/a:1017181826899
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.18637/jss.v028.i05
https://doi.org/10.1145/3460112.3471947
https://doi.org/10.1093/biosci/biab073
https://doi.org/10.1016/j.biocon.2017.07.033
https://doi.org/10.1016/j.biocon.2017.07.033
https://doi.org/10.1016/j.ecoinf.2022.101876
https://doi.org/10.1016/j.biocon.2013.03.028
https://doi.org/10.1016/j.biocon.2013.03.028
https://doi.org/10.1016/j.gecco.2017.01.008
https://doi.org/10.1016/j.gecco.2017.01.008
https://doi.org/10.1016/0005-2795(75)90109-9
https://doi.org/10.1016/0005-2795(75)90109-9


McIntosh, R., S. J. Verdon, J. Q. Radford, M. F. Clarke, and A. F.
Bennett. 2023. “Assessing the Adequacy of an Aggregated
Vegetation Classification: A Test in Semi-Arid Australia.”
Austral Ecology 49(2): e13460. https://doi.org/10.1111/aec.
13460.

Miao, Z., Z. Liu, K. M. Gaynor, M. S. Palmer, S. X. Yu, and W. M.
Getz. 2021. “Iterative Human and Automated Identification of
Wildlife Images.” Nature Machine Intelligence 3(10): 885–895.
https://doi.org/10.1038/s42256-021-00393-0.

Microsoft AI for Earth. 2018. “Camera Traps.”
Moeller, A. K., P. M. Lukacs, and J. S. Horne. 2018. “Three Novel

Methods to Estimate Abundance of Unmarked Animals Using
Remote Cameras.” Ecosphere 9(8): e02331. https://doi.org/10.
1002/ecs2.2331.

Moore, H. A., L. E. Valentine, J. A. Dunlop, D. G. Nimmo,
M. Rowcliffe, and A. Caravaggi. 2020. “The Effect of Camera
Orientation on the Detectability of Wildlife: A Case Study from
North-Western Australia.” Remote Sensing in Ecology and
Conservation 6(4): 546–556. https://doi.org/10.1002/rse2.158.

Nakagawa, S., M. Lagisz, R. Francis, J. Tam, X. Li, A. Elphinstone,
N. R. Jordan, et al. 2023. “Rapid Literature Mapping on the
Recent Use of Machine Learning for Wildlife Imagery.” Peer
Community Journal 3: e35. https://doi.org/10.24072/
pcjournal.261.

Nazir, S., and M. Kaleem. 2024. “Object Classification and
Visualization with Edge Artificial Intelligence for a
Customized Camera Trap Platform.” Ecological Informatics 79:
102453. https://doi.org/10.1016/j.ecoinf.2023.102453.

Nguyen, D. T. 2025. “dtnguyen0304/sawit: Camera Trap
Small-Sized Animal Dataset (Version v1).” Zenodo. https://
doi.org/10.5281/zenodo.14927692.

Nguyen, T. T. T., A. C. Eichholtzer, D. A. Driscoll, N. I. Semianiw,
D. M. Corva, A. Z. Kouzani, T. T. Nguyen, and D. T. Nguyen.
2023. “SAWIT: A Small-Sized Animal Wild Image Dataset
with Annotations.” Multimedia Tools and Applications 83(11):
34083–108. https://doi.org/10.1007/s11042-023-16673-3.

Nichols, M., A. S. Glen, P. Garvey, and J. Ross. 2017. “A
Comparison of Horizontal Versus Vertical Camera Placement
to Detect Feral Cats and Mustelids.” New Zealand Journal of
Ecology 41(1): 145–150. https://doi.org/10.20417/nzjecol.41.11.

Norouzzadeh, M. S., A. Nguyen, M. Kosmala, A. Swanson, M. S.
Palmer, C. Packer, and J. Clune. 2018. “Automatically
Identifying, Counting, and Describing Wild Animals In
Camera-Trap Images with Deep Learning.” Proceedings of the
National Academy of Sciences of the United States of America
115(25): E5716–E5725. https://doi.org/10.1073/pnas.
1719367115.

Paszke, A., S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, and L. Antiga. 2019.
“Pytorch: An Imperative Style, High-Performance Deep
Learning Library.” Advances in Neural Information Processing
Systems. https://doi.org/10.48550/arXiv.1912.01703.

Penn, M. J., V. Miles, K. L. Astley, C. Ham, R. Woodroffe,
M. Rowcliffe, and C. A. Donnelly. 2023. “Sherlock—A
Flexible, Low-Resource Tool for Processing Camera-Trapping
Images.” Methods in Ecology and Evolution 15(1): 91–102.
https://doi.org/10.1111/2041-210x.14254.

Pestell, A. J. L. 2024a. “AJL-Pestell-Research/DeakinCams [Data
Set].” Zenodo. https://doi.org/10.5281/zenodo.13340369.

Pestell, A. J. L. 2024b. “Guiding Fire and Wildlife Management
Through Technology in Semi-Arid Ecosystems.” Doctor of

Philosophy, School of Life and Environmental Sciences,
Deakin University.

Pestell, A. J. L., R. T. Mason, and A. R. Rendall. 2024. “Assessment of
the Program MegaDetector and Companion Software to
Improve the Efficiency of Image Tagging Large Datasets: Report
for Parks Victoria.” Deakin University (Melbourne, Australia).

Pichler, M., and F. Hartig. 2023. “Machine Learning and Deep
Learning—A Review for Ecologists.” Methods in Ecology and
Evolution 14(4): 994–1016. https://doi.org/10.1111/2041-210x.14061.

Powers, D. 2011. “Evaluation: From Precision, Recall and F-Factor
to ROC, Informedness, Markedness & Correlation.” Journal of
Machine Learning Technologies 2(1): 37–63.

R Core Team. 2024. R: A Language and Environment for Statistical
Computing. Vienna: R Foundation for Statistical Computing.

Redmon, J., and A. Farhadi. 2017. “YOLO9000: Better, Faster,
Stronger.” 2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 21–26 July 2017.

Rendall, A. R., J. G. White, R. Cooke, D. A. Whisson, T. Schneider,
L. Beilharz, E. Poelsma, J. Ryeland, and M. A. Weston. 2021.
“Taking the Bait: The Influence of Attractants and
Microhabitat on Detections of Fauna by Remote-Sensing
Cameras.” Ecological Management & Restoration 22(1): 72–79.
https://doi.org/10.1111/emr.12444.

Richardson, E., D. G. Nimmo, S. Avitabile, L. Tworkowski, S. J.
Watson, D. Welbourne, and S. W. J. Leonard. 2017. “Camera
Traps and Pitfalls: An Evaluation of Two Methods for
Surveying Reptiles in a Semiarid Ecosystem.” Wildlife Research
44(8): 637. https://doi.org/10.1071/wr16048.

Robertson, P., and A. J. Coventry. 2019. Reptiles of Victoria: A Guide
to Identification and Ecology. Melbourne, Australia: CSIRO
Publishing.

Schneider, S., G. W. Taylor, S. C. Kremer, and J. M. Fryxell. 2023.
“Getting the Bugs out of AI: Advancing Ecological Research
on Arthropods through Computer Vision.” Ecology Letters
26(7): 1247–58. https://doi.org/10.1111/ele.14239.

Silvestro, D., S. Goria, T. Sterner, and A. Antonelli. 2022.
“Improving Biodiversity Protection through Artificial
Intelligence.” Nature Sustainability 5(5): 415–424. https://doi.
org/10.1038/s41893-022-00851-6.

Smith, J., A. Wycherley, J. Mulvaney, N. Lennane, E. Reynolds,
C. A. Monks, T. Evans, T. Mooney, and B. Fancourt. 2024.
“Man Versus Machine: Cost and Carbon Emission Savings of
4G-Connected Artificial Intelligence Technology for
Classifying Species In Camera Trap Images.” Scientific Reports
14(1): 14530. https://doi.org/10.1038/s41598-024-65179-x.

Steinbeiser, C. M., J. Kioko, A. Maresi, R. Kaitilia, and C. Kiffner.
2019. “Relative Abundance and Activity Patterns Explain
Method-Related Differences in Mammalian Species Richness
Estimates.” Journal of Mammalogy 100(1): 192–201. https://
doi.org/10.1093/jmammal/gyy175.

Steinmetz, R., N. Seuaturien, and W. Chutipong. 2013. “Tigers,
Leopards, and Dholes in a Half-Empty Forest: Assessing
Species Interactions in a Guild of Threatened Carnivores.”
Biological Conservation 163: 68–78. https://doi.org/10.1016/j.
biocon.2012.12.016.

Stowell, D. 2022. “Computational Bioacoustics with Deep Learning:
A Review and Roadmap.” PeerJ 10: e13152. https://doi.org/10.
7717/peerj.13152.

Swinbourne, M. J., D. A. Taggart, and B. Ostendorf. 2018. “A
Comparison between Video and Still Imagery as a
Methodology to Determine Southern Hairy-Nosed Wombat

20 of 21 PESTELL ET AL.

 21508925, 2025, 3, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.70220 by D

eakin U
niversity, W

iley O
nline L

ibrary on [13/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1111/aec.13460
https://doi.org/10.1111/aec.13460
https://doi.org/10.1038/s42256-021-00393-0
https://doi.org/10.1002/ecs2.2331
https://doi.org/10.1002/ecs2.2331
https://doi.org/10.1002/rse2.158
https://doi.org/10.24072/pcjournal.261
https://doi.org/10.24072/pcjournal.261
https://doi.org/10.1016/j.ecoinf.2023.102453
https://doi.org/10.5281/zenodo.14927692
https://doi.org/10.5281/zenodo.14927692
https://doi.org/10.1007/s11042-023-16673-3
https://doi.org/10.20417/nzjecol.41.11
https://doi.org/10.1073/pnas.1719367115
https://doi.org/10.1073/pnas.1719367115
https://doi.org/10.48550/arXiv.1912.01703
https://doi.org/10.1111/2041-210x.14254
https://doi.org/10.5281/zenodo.13340369
https://doi.org/10.1111/2041-210x.14061
https://doi.org/10.1111/emr.12444
https://doi.org/10.1071/wr16048
https://doi.org/10.1111/ele.14239
https://doi.org/10.1038/s41893-022-00851-6
https://doi.org/10.1038/s41893-022-00851-6
https://doi.org/10.1038/s41598-024-65179-x
https://doi.org/10.1093/jmammal/gyy175
https://doi.org/10.1093/jmammal/gyy175
https://doi.org/10.1016/j.biocon.2012.12.016
https://doi.org/10.1016/j.biocon.2012.12.016
https://doi.org/10.7717/peerj.13152
https://doi.org/10.7717/peerj.13152


(Lasiorhinus latifrons) Burrow Occupancy Rates.” Animals
8(11): 186. https://doi.org/10.3390/ani8110186.

Swinnen, K. R., J. Reijniers, M. Breno, and H. Leirs. 2014. “A Novel
Method to Reduce Time Investment when Processing Videos
from Camera Trap Studies.” PLoS One 9(2): e98881. https://
doi.org/10.1371/journal.pone.0098881.

Titley, M. A., J. L. Snaddon, and E. C. Turner. 2017. “Scientific
Research on Animal Biodiversity Is Systematically Biased
towards Vertebrates and Temperate Regions.” PLoS One 12(12):
e0189577. https://doi.org/10.1371/journal.pone.0189577.

Tuia, D., B. Kellenberger, S. Beery, B. R. Costelloe, S. Zuffi, B. Risse,
A. Mathis, et al. 2022. “Perspectives in Machine Learning for
Wildlife Conservation.” Nature Communications 13(1): 792.
https://doi.org/10.1038/s41467-022-27980-y.

van Lunteren, P. 2023. “EcoAssist: A no-Code Platform to Train
and Deploy Custom YOLOv5 Object Detection Models.”
Journal of Open Source Software 8(88): 5581. https://doi.org/
10.21105/joss.05581.

Velasco-Montero, D., J. Fern�andez-Berni, R. Carmona-Gal�an,
A. Sanglas, and F. Palomares. 2024. “Reliable and Efficient
Integration of AI into Camera Traps for Smart Wildlife
Monitoring Based on Continual Learning.” Ecological Informatics
83: 102815. https://doi.org/10.1016/j.ecoinf.2024.102815.

Vélez, J., W. McShea, H. Shamon, P. J. Castiblanco-Camacho, M. A.
Tabak, C. Chalmers, P. Fergus, and J. Fieberg. 2022. “An
Evaluation of Platforms for Processing Camera-Trap Data Using
Artificial Intelligence.” Methods in Ecology and Evolution 14(2):
459–477. https://doi.org/10.1111/2041-210x.14044.

Welbourne, D. J., A. W. Claridge, D. J. Paull, and F. Ford. 2019.
“Improving Terrestrial Squamate Surveys with Camera-Trap
Programming and Hardware Modifications.” Animals 9(6):
388. https://doi.org/10.3390/ani9060388.

Welbourne, D. J., C. MacGregor, D. Paull, and D. B. Lindenmayer.
2015. “The Effectiveness and Cost of Camera Traps for
Surveying Small Reptiles and Critical Weight Range Mammals:
A Comparison with Labour-Intensive Complementary
Methods.” Wildlife Research 42(5): 414. https://doi.org/10.1071/
wr15054.

Wotherspoon, L., G. H. d. O. Caetano, U. Roll, S. Meiri, A. Pili,
R. Tingley, and D. G. Chapple. 2024. “Inferring the Extinction
Risk of Data Deficient and Not Evaluated Australian Squamates.”
Austral Ecology 49(2): e13485. https://doi.org/10.1111/aec.13485.

Young, S., J. Rode-Margono, and R. Amin. 2018. “Software to
Facilitate and Streamline Camera Trap Data Management: A
Review.” Ecology and Evolution 8(19): 9947–57. https://doi.
org/10.1002/ece3.4464.

Zett, T., K. J. Stratford, and F. J. Weise. 2022. “Inter-Observer
Variance and Agreement of Wildlife Information Extracted
from Camera Trap Images.” Biodiversity and Conservation
31(12): 3019–37. https://doi.org/10.1007/s10531-022-02472-z.

Zhou, K., Z. Liu, Y. Qiao, T. Xiang, and C. C. Loy. 2023. “Domain
Generalization: A Survey.” IEEE Transactions on Pattern
Analysis and Machine Intelligence 45(4): 4396–4415. https://
doi.org/10.1109/TPAMI.2022.3195549.

Zivkovic, Z., and F. van der Heijden. 2006. “Efficient Adaptive
Density Estimation per Image Pixel for the Task of
Background Subtraction.” Pattern Recognition Letters 27(7):
773–780. https://doi.org/10.1016/j.patrec.2005.11.005.

SUPPORTING INFORMATION
Additional supporting information can be found online
in the Supporting Information section at the end of this
article.

How to cite this article: Pestell, Angela J. L.,
Anthony R. Rendall, Robin D. Sinclair, Euan
G. Ritchie, Duc T. Nguyen, Dean M. Corva, Anne
C. Eichholtzer, Abbas Z. Kouzani, and Don
A. Driscoll. 2025. “Smart Camera Traps and
Computer Vision Improve Detections of Small
Fauna.” Ecosphere 16(3): e70220. https://doi.org/
10.1002/ecs2.70220

ECOSPHERE 21 of 21

 21508925, 2025, 3, D
ow

nloaded from
 https://esajournals.onlinelibrary.w

iley.com
/doi/10.1002/ecs2.70220 by D

eakin U
niversity, W

iley O
nline L

ibrary on [13/09/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.3390/ani8110186
https://doi.org/10.1371/journal.pone.0098881
https://doi.org/10.1371/journal.pone.0098881
https://doi.org/10.1371/journal.pone.0189577
https://doi.org/10.1038/s41467-022-27980-y
https://doi.org/10.21105/joss.05581
https://doi.org/10.21105/joss.05581
https://doi.org/10.1016/j.ecoinf.2024.102815
https://doi.org/10.1111/2041-210x.14044
https://doi.org/10.3390/ani9060388
https://doi.org/10.1071/wr15054
https://doi.org/10.1071/wr15054
https://doi.org/10.1111/aec.13485
https://doi.org/10.1002/ece3.4464
https://doi.org/10.1002/ece3.4464
https://doi.org/10.1007/s10531-022-02472-z
https://doi.org/10.1109/TPAMI.2022.3195549
https://doi.org/10.1109/TPAMI.2022.3195549
https://doi.org/10.1016/j.patrec.2005.11.005
https://doi.org/10.1002/ecs2.70220
https://doi.org/10.1002/ecs2.70220

	Smart camera traps and computer vision improve detections of small fauna
	Abstract
	INTRODUCTION
	METHODS
	Study area
	SAWIT with DeakinCams
	MegaDetector with Reconyx camera traps
	Evaluating performance

	RESULTS
	Field deployment
	SAWIT with DeakinCams
	MegaDetector with Reconyx camera traps
	Comparing biological complementarity

	DISCUSSION
	Field evaluation of DeakinCams
	SAWIT with DeakinCams
	MegaDetector with Reconyx camera traps
	Evaluating performance
	Biological complementarity
	Applications and future advances of smart cameras

	AUTHOR CONTRIBUTIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT
	ORCID
	REFERENCES
	SUPPORTING INFORMATION


